Many proteins have small-molecule binding pockets that are not easily detectable in the ligand-free structures. These cryptic sites require a conformational change to become apparent; a cryptic site can therefore be defined as a site that forms a pocket in a holo structure, but not in the apo structure. Because many proteins appear to lack druggable pockets, understanding and accurately identifying cryptic sites could expand the set of drug targets. Previously, cryptic sites were identified experimentally by fragment-based ligand discovery and computationally by long molecular dynamics simulations and fragment docking. Here, we begin by constructing a set of structurally defined apo-holo pairs with cryptic sites. Next, we comprehensively characterize the cryptic sites in terms of their sequence, structure, and dynamics attributes. We find that cryptic sites tend to be as conserved in evolution as traditional binding pockets but are less hydrophobic and more flexible. Relying on this characterization, we use machine learning to predict cryptic sites with relatively high accuracy (for our benchmark, the true positive and false positive rates are 73% and 29%, respectively). We then predict cryptic sites in the entire structurally characterized human proteome (11,201 structures, covering 23% of all residues in the proteome). CryptoSite increases the size of the potentially "druggable" human proteome from~40% to~78% of disease-associated proteins. Finally, to demonstrate the utility of our approach in practice, we experimentally validate a cryptic site in protein tyrosine phosphatase 1B using a covalent ligand and NMR spectroscopy. The CryptoSite Web server is available at http://salilab.org/cryptosite. Published by Elsevier Ltd. macromolecules. Usually, these interactions occur at defined binding sites in the protein structure [1]. Knowledge of binding site location has a number of applications [2]. For example, in drug discovery, 0022-2836/Published by Elsevier Ltd.
Introduction
Biological function often involves binding of proteins to other molecules, including small ligands and binding site localization is often the starting point followed by virtual screening or de novo ligand design [3] ; in cell biology, it facilitates prediction of protein substrates, especially when the target protein cannot be reliably related to homologs of known function [4] .
Binding sites, particularly those for small molecules, are often located in exposed concave pockets, which provide an increased surface area that, in turn, maximizes intramolecular interactions [5] . A concave pocket can already exist in a ligand-free structure of a protein; such binding sites are called here binding pockets. Sometimes, however, a binding site is flat in the absence of a ligand and only forms in the presence of a ligand (i.e., induced fit) or only opens transiently for short periods of time (i.e., conformational selection); such binding sites are called cryptic sites ( Fig. 1a ) [6] [7] [8] [9] [10] [11] .
Many computational methods have been developed to localize binding pockets on proteins. These methods are based on a variety of principles [12] : (i) concavity of the protein surface, (ii) energy functions including van der Waals terms, (iii) geometrical and physicochemical similarity to known binding pockets, and (iv) composite approaches that use a combination of different features [13] [14] [15] . Unfortunately, only~60% of protein structures were judged to (a) (b) Fig. 1. (a) Examples of a pocket and cryptic site in p38 MAP kinase. The nucleotide binding site of the p38 MAP kinase is a pocket visible in both bound (holo; blue ribbon; PDB ID: 2ZB1) and unbound (apo; gray ribbon; PDB ID: 2NPQ) conformations. The ligand, biphenyl amide inhibitor, is depicted as blue spheres. On the other hand, the site in the C-lobe domain that binds octyglucoside lipid (green spheres) becomes a visible pocket only after the movement of the α-helix at the left of the structure (marked with the double-headed arrow). The small molecules are shown as they bind in the holo structures. UCSF Chimera software was used for the visualization [67] . (b) Flowchart summarizing the analyses in this study. We started by creating a representative dataset of 84 known examples of cryptic binding sites, 92 binding pockets, and 705 concave surface patches from the Protein Data Bank [31] and the MOAD database [32] . Next, we designed a set of 58 features that describe sequence, structure, and dynamics of individual residues and their neighbors. We then compared these attributes between the three types of a site to better understand the underlying characteristics of each site. Next, we used machine-learning algorithms to classify residues as belonging to a cryptic site or not. We then predicted cryptic sites in the entire structurally characterized human proteome (Materials and Methods and SI Text). have pockets larger than 250 Å 3 (many of which may not be druggable) and could potentially be subjected to ligand discovery based on binding pocket knowledge [16, 17] .
In contrast to binding pockets, cryptic sites are not easily detectable in a ligand-free structure of a protein because they, by definition, require ligandinduced conformational changes to become apparent. For example, large and flat interfaces between interacting proteins were considered undruggable, although several examples of protein interfaces undergoing a conformational change coupled with binding a small molecule were recently described [18, 19] . Similarly, allosterically regulated sites are sometimes not apparent in the absence of a smallmolecule allosteric regulator (e.g., p38 MAP kinase [7] and TEM1 β-lactamase [9] ).
Currently, the only approaches to cryptic site discovery are exhaustive site-directed small-molecule tethering by experiment [20] [21] [22] , long-timescale molecular dynamics simulations by computation [6, 8, 23, 24] , flexible docking [25, 26] , and computational tools for identification of small-molecule binding hot spots [10, [27] [28] [29] [30] . All of these approaches are time consuming, expensive, and/or not always successful. Therefore, there is a need for an accurate, automated, and efficient method to predict the location of cryptic pockets in a given ligand-free protein structure. Such a method would offer several advantages. First, a cryptic site may be the only suitable binding site on the target protein; for example, when activation is required and thus the active site cannot be targeted, the active site is not druggable, or active site ligands need to be avoided due to adverse off-target effects. Second, binding sites may be discovered on structures determined or computed at only moderate resolution.
Here, we analyze known cryptic sites and develop a method for predicting cryptic site locations to address a number of questions: what are the sequence, structure, and dynamics attributes of a cryptic site, especially in comparison to binding pockets? Can we accurately, automatically, and efficiently predict cryptic sites? How common are cryptic sites? Are they common enough to significantly expand the druggable proteome? Can we predict cryptic sites in specific proteins of clinical significance?
Results and Discussion
Our method development and analysis proceeded according to Fig. 1b . In outline, we started by creating a representative dataset of 84 known examples of cryptic binding sites, 92 binding pockets, and 705 concave surface patches from the Protein Data Bank [31] and the MOAD database [32] (Materials and Methods, SI  Text, and Table S1 ). We selected cryptic sites and binding pockets whose ligands are biologically relevant [32] . Next, we designed a set of 30 features that describe sequence, structure, and dynamics of individual residues and their neighbors (SI Text and Table  S2 ), based on the crystal structures [15, 33, 34] . We then compared these attributes between the three types of a site to better understand the underlying characteristics of each site. Based on these comparisons, we expanded the set of features for proteins containing cryptic sites to 58 (Table S2) , describing their crystal structures and their alternative conformations obtained by molecular dynamics simulations using AllosMod [35] (SI Text). Next, we put to test 11 supervised machine-learning algorithms [36, 37] to classify residues as belonging to a cryptic site or not; the accuracy of the best predictive model was assessed using leave-one-out cross-validation on a training set and using an independent test set. We then predicted cryptic sites in the entire structurally characterized human proteome. Finally, we focused on a detailed characterization of protein tyrosine phosphatase 1B (PTP1B), a protein that is involved in the insulin signaling pathway and is considered a validated therapeutic target for treatment of type 2 diabetes [38] .
Pocket formation at a cryptic site is driven by small changes in the structure, resulting in a conformationally conserved cryptic site regardless of the ligand type First, we set out to analyze structural changes needed for a binding pocket formation at a cryptic site. The dataset of cryptic sites reveals mostly minor structural changes required for formation of a detectable pocket. The all-atom RMSD of cryptic binding sites between apo and holo conformations ranges between 0.45 Å and 22.45 Å ( Fig. S1a ) with 67% apo-holo pairs differing less than 3 Å in RMSD. The only two apo-holo pairs whose differences in RMSD exceed 10 Å are calcium ATPase and calmodulin (PDB IDs: 1SU4-3FGO and 1CLL-1CTR, respectively). Loop movement is the most prominent type of conformational changes (observed in 45% of the binding sites), followed by side-chain rotation (18%), domain motion (17%), displacement of secondary structure elements (16%), and N-or C-terminal flexibility (4%).
To determine whether or not a cryptic site assumes the same bound conformation irrespective of the ligand type, we computed similarities between cryptic site conformations in a protein bound to at least five different ligands (58 proteins) . Interestingly, only 26% of such cases have an average RMSD exceeding 2 Å ( Fig. S1b) , even though the average Tanimoto distance (calculated by Open Babel [39] ; SI Text) is low (0.8). This finding suggests that the conformation of a given cryptic site generally does not depend strongly on the ligand type (similar analysis of binding pockets yields 9% of cases with an average RMSD exceeding 2 Å, as well as an average Tanimoto distance of 0.7). Moreover, the magnitude of the conformational difference within a group of holo structures is not significantly correlated with ligand similarity (the correlation coefficient between the all-atom binding site RMSD and Tanimoto distance is 0.01; Fig. S1c and S1d). Finally, the average RMSD of 1.7 Å between bound cryptic binding sites is significantly lower than the average RMSD of 3.0 Å between the unbound and bound conformations (P = 1.4 × 10 −3 , based on two-sample Kolmogorov-Smirnov statistics). Thus, the bound form of the cryptic site is surprisingly conformationally conserved with respect to the ligand type (the average RMSD values of bound conformations of cryptic sites and binding pockets are 1.7 and 2.0 Å, respectively). These observations are consistent with a limited number of protein conformational states, as well as with the variability in allosterically regulated proteins, where the binding of the effector alters the conformational distribution between two or more conformational states [40] . Indeed, 24 of the 58 cryptic sites are found in proteins that are known to be allosterically regulated, with 17 of the 24 annotated as effector binding sites [41] . Of the remaining 34 cryptic sites, 20 are found on proteins with two or more different binding sites that may or may not be allosteric. The remaining 14 cryptic sites occur on enzymes with flexible active sites and receptors for large hydrophobic ligands, where cryptic site residues modulate binding site accessibility (e.g., the "portal" hypothesis for glycolipid transfer protein, lactoglobulin, and adipocyte lipid binding protein) [42] . In other words, a cryptic site does not convert from flat to concave to accommodate a number of different ligands; rather, cryptic sites may have evolved the ability to convert from flat to concave to modulate ligand binding kinetics, specificity, affinity, and allostery.
Cryptic sites are as flexible as random concave surface patches but evolutionarily as conserved as binding pockets Next, we analyzed the differences between the sequence, structure, and dynamics attributes of cryptic sites, binding pockets, and concave surface patches. While the differences between cryptic sites and binding pockets are generally small, four characteristics distinguish a cryptic site from a binding pocket and/or a concave surface patch: first, a cryptic site predominantly localizes at concave protein regions, even though the site itself is not as concave in the unbound form as a binding pocket. For example, while the average number of protruding atoms at a cryptic site and a binding pocket is 170 and 183 (P = 8.0 × 10 −3 ) and the average convexity value is 2.4 and 1.9 (P = 0.8), the average pocket score is 0.07 and 0.42 (P = 1.7 × 10 − 31 ), respectively (Table S3) . Second, a cryptic site tends to be less hydrophobic than a binding pocket due mostly to an increased frequency of charged residues (arginine, in particular; P = 1.8 × 10 − 5 ) ( Fig. S2a and Table S3 ). Third, a cryptic site is more flexible than a binding pocket, as indicated by significantly higher normalized B-factors ( Fig. S2b ). Finally, cryptic site residues are evolutionarily as conserved as those of a binding pocket ( Fig. S2c ), suggesting a similar degree of evolutionary pressure and selection on the function of many of these two types of binding sites. Evolutionarily conserved residues have been previously associated with low B-factors [43] [44] [45] ; low B-factors are an indicator of residue rigidity. Both evolutionarily conserved residues and residues with low B-factors are often found in functionally important regions of a protein, including binding pockets [13, 46] . In contrast to binding pockets, cryptic sites conserve conformational flexibility to convert from flat into concave. We found no statistically significant differences between properties of ligands of cryptic sites and binding pockets ( Fig. S3 ).
Molecular dynamics simulations based on a simplified energy landscape, sequence conservation, and fragment docking are sufficient to predict cryptic sites
To test if cryptic sites could be predicted accurately, automatically, and efficiently, we used the dataset of apo structures with cryptic sites to train 10 different machine-predictive models for the prediction of cryptic site residues, based on the extended set of 58 features (Table S2) ; the datasets with binding pockets and concave surface patches were not used as training sets for machine learning. The optimal predictive model and its parameter values were selected by maximizing the sensitivity (true positive rate) and the specificity (true negative rate) of cryptic site residue prediction, using leave-one-out cross-validation on the training set of proteins with 84 cryptic binding sites (SI Text and Fig. S4a ). The optimal predictive model is a support vector machine (SVM) with a quadratic kernel function. By removing redundant and irrelevant features using greedy-forward selection that maximizes the area under the curve (AUC) and by testing the statistical significance of the improvement in the prediction accuracy, we selected three features, resulting in the AUC of 0.77 ( Fig. S4b-d) .
Although an SVM operates as a "black box", the relative importance of different features can be inferred from the order of selection and may be informative about the cryptic site characteristics [47] . We find the average pocket score from the molecular dynamics simulations is the most informative single feature according to greedy-forward selection (AUC = 0.73), as well as the two-sample Kolmogorov-Smirnov test (P = 4.3 × 10 −138 ) ( Fig. S2d and Table S2 ). This feature alone is almost as informative as a subset of 30 crystal structure features combined (AUC = 0.74) (Table S2 ). Therefore, molecular dynamics simulations on a simplified energy landscape, which is significantly more computationally efficient than a traditional all-atom molecular dynamics simulation [6] , often provide sufficient information for localizing cryptic sites. The second feature added to the subset of the three features by the greedy-forward approach was sequence conservation (AUC = 0.74). Cryptic site residues are significantly more conserved than the rest of a protein (P = 3.4 × 10 −67 ). The third feature, likelihood of binding small-molecule fragments (SI Text), also significantly improves the accuracy of the model (AUC = 0.77). Despite the relatively small magnitude of the increase in the accuracy, the improvement of adding two additional features to the single most informative feature is statistically significant ( Fig. S4c and S4d) . In summary, a cryptic site can be predicted relatively accurately based primarily on pocket formation in molecular dynamics simulations, evolutionary conservation, and likelihood of binding small-molecule fragments. Independent predictions based on different molecular dynamics trajectories are highly similar, with the cross-correlation coefficient larger than 0.9 and the average residue score difference of the most variable decile smaller than 0.04 (Fig. S5a) ; the predicted scores vary the most for residues that reside on α-helices or β-sheets and are adjacent to flexible parts of a protein. Similarly, predictions for a subunit on its own or in the context of a biological assembly are also highly similar, except for the subunit-subunit interface residues (Fig. S5b ).
CryptoSite accurately localizes over 96% of cryptic binding sites, outperforming other computational methods
To assess the performance of our predictive model, we applied it to the training set using leave-one-out cross-validation and to the test set of 14 apo structures with one or more known cryptic sites that were not used during the training or any of the analyses above. The prediction capability of the SVM model is satisfactory; we measure an overall AUC of 0.83, with respective true positive and false positive rates of 79% and 29% at the residue score threshold of 0.05 ( Fig. 2a) . At higher score thresholds of 0.1 and 0.15, the respective true positive and false positive rates are 15% and 55%, as well as 6% and 28% (in other words, in an experimental test of a prediction, on average, 7.6, 5.9, and 4.9 residues with the predicted residues score higher than 0.05, 0.1, and 0.15, respectively, would need to be tested to find at least one true cryptic site residue-a significant improvement over the need to test 19 randomly chosen residues for the same outcome). CryptoSite can also be applied to low-resolution atomic structures and comparative models, in addition to high-resolution X-ray structures, without a large loss of accuracy. For example, the average cross-correlation between cryptic site predictions for a high-resolution X-ray structure and its comparative model based on a template with at least 50% sequence identity is approximately 0.7 (SI Text, Fig. S6, and Table S4 ). To further dissect the performance of the learning algorithm, we evaluated predictions for individual proteins from our training and test sets (Fig. 2b) . We define a prediction of a cryptic site to be accurate when at least one-third of its residues are identified (sensitivity N 33%). Predictions above this threshold can arguably guide small-molecule tethering experiments and more detailed molecular dynamics simulations. Remarkably, all 14 proteins in the test set and 75 out of 79 proteins in the cross-validation/training set have all of their cryptic sites identified accurately, resulting in 96% recall (Tables S1 and S5); even for 50% sensitivity, the recall is still 88%. The predictions are particularly accurate when a large and hydrophobic ligand binds to a cryptic site. For example, we identified 98% of cryptic site residues in the acyl-CoA binding site of the fatty acid responsive transcription factor and 89% of cryptic site residues in the lipid binding site of β-lactoglobulin (Fig. S7 ). Our predictive model also accurately predicted cryptic sites in 18 out of 20 proteins (including the proteins from the cross-validation set) that undergo domain movements to expose small-molecule binding sites. For example, more than half of the cryptic site residues of GluR2 receptor (100%), exportin 1 (68%), and biotin carboxylase were predicted correctly (56%) ( Fig. 2c and Fig. S7 ).
Our predictive model also accurately predicts known allosteric cryptic sites in TEM1 β-lactamase that are buried in the apo conformation (60%) ( Fig. 2c and Fig. S7d ) and were previously studied using extensive molecular dynamics simulations in explicit solvent and Markov state models [6, 24] . Moreover, both molecular dynamics simulations [23, 25, 48] and CryptoSite also successfully predicted known binding sites at difficult-to-drug proteinprotein interaction interfaces, including in interleukin-2 (specificity of 79%), Bcl-X L (73%), FK506 binding protein (FKBP12; 73%), HPV regulatory protein E2 (50%), and cell division protein ZipA (60%) ( Fig. 2c and Figs. S7e and S8c). Finally, we used our testing set to benchmark CryptoSite against FTFlex [28, 49] , a computational solvent mapping approach for prediction of small-molecule binding hot spots that takes into account side chain flexibility. CryptoSite is more accurate (Fig. 2a and Fig. S8a ), especially when a cryptic site is buried (TEM1 β-lactamase and β-lactoglobulin) or resides in a large protein (exportin 1; 68%) ( Fig. 2 and Fig. S8 ). In conclusion, CryptoSite is as accurate as approaches based on extensive molecular dynamics simulations but is significantly faster (a calculation on an averagesized protein takes 1-2 days on our Web server) and completely automated. In comparison to approaches of similar efficiency [25, 28] , CryptoSite is generally more accurate, particularly when the location of a cryptic site is buried in the apo state.
False negatives result from large rearrangements
Next, we analyze false negatives and false positives (defined based on the cryptic sites annotated in MOAD). Our predictive model failed to predict most cryptic sites that undergo large conformational changes and whose pockets are difficult to sample with current molecular dynamics approaches, as well as partial sites that require binding to another protein chain to become functional (Fig. S9) . In particular, we failed at predicting the cryptic site for stabilizing substrates (e.g., cyclopiazonic acid) in Ca-ATPase (sensitivity of 6%) that resides at the interface between three domains, two of which are~50 Å apart in the apo conformation (Fig. S9a) . Similarly, we also failed at predicting an allosteric site in the thumb site of HCV RNA polymerase (sensitivity of 0%), a site between two chains of kynurenine aminotransferase II (sensitivity of 17%), and an allosteric site in PTP1B (sensitivity of 29%) (Fig. S9 ). In the future, inadequate 45% and~80% of cryptic site residues were detected by Fpocket and FTFlex, respectively; the area under the ROC curve was calculated by connecting the end of the ROC curve and the upper-right corner as a straight line. The accuracy of CryptoSite is comparable to that of FTFlex when small pockets that could fit small-molecule fragments are already present in the apo state of a cryptic site (this is the case in 10 out of 14 testing examples). However, CryptoSite is more accurate than FTFlex when a cryptic site is buried or resides in a large protein (Fig. S8a ). (b) Sensitivities and specificities were determined for each protein in our test set (larger data points with black circle) and training set (smaller data points) based on leave-one-out cross-validation. The classification of the residues is based on the score threshold of 0.05. The two empty circles denote two predictions (one failed) of cryptic sites in proteins with more than one cryptic site. (c) The cryptic sites from our dataset are marked by green rectangles, and the computed scores that a residue is in a cryptic site are shown on the blue-to-red color scale. The small molecules that bind into the known cryptic sites are superposed from the alignment to the bound conformations and represented as yellow sticks. sampling in AllosMod will be addressed by using multiple input structures and/or restraints from experimental data (e.g., small-angle X-ray scattering profiles [50] , chemical cross-links [51] , hydrogen/ deuterium exchange with mass spectrometry, and electron microscopy density maps [52] ).
A false positive prediction can be an unknown cryptic site
While it is difficult to be certain that a predicted cryptic site does not bind a ligand, potential false positives include high-scoring isolated residues or terminal regions of truncated proteins, which may not be as flexible in full-length proteins. However, our benchmark probably overestimates the false positive rate because some predicted cryptic sites are in fact true binding sites, even though they are not annotated as such in the MOAD database (e.g., proteins that bind peptides or other proteins). For example, our predictive model identifies the binding site for the light chain of coagulation factor VII in the heavy chain of coagulation factor VII, the binding site for guanine-nucleotide exchange factor DBS in CDC42 protein, the dimer interfaces in fructose-1,6-bisphosphate aldolase and estrogen-related receptor γ, the docking site for its N-terminal motif in Bcl-X L , and the phosphate binding site in acid-β-glucosidase ( Fig. 2c and Fig. S7 ). Excluding protein-protein interface residues from the prediction of cryptic sites may reduce the number of false positives; however, the improvement appears to be modest, case dependent, and comes at a cost of ignoring cryptic sites that are located at such interfaces (Fig. S5c) . In summary, the analysis of successes and failures demonstrates the potential of our approach to guide the experimental identification of new sites in difficult small-molecule targets.
The druggable proteome is significantly larger than estimated previously Given the overall accuracy of our approach (above), a large number of predicted cryptic sites that are not yet annotated as such in our benchmark might also indicate that there are many cryptic sites yet to be discovered. If so, our predictive model could facilitate finding novel binding sites in "undruggable" proteins and, hence, expand the druggable proteome space. It has been suggested that the human proteome of approximately 20,000 proteins contains 3000 proteins associated with disease and~3000 druggable proteins, with the overlap between the two sets of only~600-1500 [16, 53, 54] . To predict how much cryptic binding sites expand the druggable proteome space, we first applied a faster version of our predictive model (based on a subset of features that are not extracted from molecular dynamics simulations, resulting in the speedup factor of 1000 and AUC of 0.74) on 4421 human proteins with at least one domain of known structure (11, 201 structures in total). Next, we counted the numbers of cryptic sites and pockets in each structure (SI Text). Pockets were predicted in~1900 (43%) proteins, and cryptic sites were predicted in~3300 (74%) proteins. Among the 1420 disease-associated proteins of known structure, 40% have pockets in their crystal structures (in agreement with the previous estimate that the fraction of proteins that are both disease-associated and druggable is 20-50% [55] ). In contrast to pockets, cryptic sites were predicted in 72% of the disease-associated proteins, 38% of which have no apparent pockets (Fig. 3a) . However, some of the predictions may be false positives (the sites may in fact not bind any ligands). Moreover, for some sites, it may be very difficult to find a ligand (even if it does exist), and even if the ligand is found, it may not be a drug because it does not target the disease-modifying function of a protein or because it does not meet clinical development criteria. Nevertheless, the prediction of cryptic sites on the disease-associated proteins of known structure indicates that small molecules might be used to target significantly more disease-associated proteins than were previously thought druggable.
If cryptic sites are more abundant than previously estimated, why does high-throughput screening not identify them more often than it does? It has been shown that small-molecule libraries are biased toward traditional drug targets, such as G-protein-coupled receptors, ion channels, and kinases, while they are not as suitable for antimicrobial targets and those identified from genomic studies [56] . It is conceivable that the existing libraries are also less suitable for cryptic sites. Moreover, cryptic sites may tend to bind ligands more weakly than binding pockets due to the need to compensate for the free energy of site formation [57] and may thus be ranked lower on the highthroughput screening lists. Therefore, different approaches based on larger and more diverse chemical libraries, including small fragments [20, 58, 59] , peptides, peptidomimetics, and natural products, may be needed for more efficient discovery of cryptic site ligands. A case in point is the discovery of a number of ligands for cryptic allosteric sites and cryptic sites at protein-protein interfaces, such as interleukin-2, caspases, kinase PDK1, and PTP1B, by fragmentbased tethering [20] [21] [22] 59] . Our data suggest that cryptic sites are much more prevalent than previously expected. However, while such sites do provide additional opportunities for drug discovery, they may not ultimately lead to drugs.
Experimental characterization of a predicted cryptic site in PTP1B by NMR spectroscopy Finally, to demonstrate the practical utility of our approach, we focused on the clinically significant protein PTP1B. Targeting PTP1B with small molecules has been challenging due to the lack of specificity and bioavailability of substrate mimetics, as well as the presence of only a single known allosteric pocket [38, 59, 60] . In addition to identify 4 of the 14 residues in the known allosteric cryptic site [59] , our predictive model also suggested two additional putative cryptic sites, a site near the N-terminus and a site relatively close to the active site (Fig. 3b ). The latter site is interesting for several reasons. First, the predicted cryptic site residues form an internal cavity (between residues Ile67 and Phe95) in crystal structures of PTP1B that is large enough to accommodate a small molecule (volume of~150 Å 3 ). Our molecular dynamics simulations suggest that small conformational changes in the cavity-forming loops could make the cavity accessible to the solvent and expand its size (up to 430 Å 3 ). Second, the site is in proximity of two cysteine residues, Cys92 and Cys121, that could be targeted covalently in smallmolecule fragment screening by tethering [20] . In fact, Cys 121 is an already known target of a covalent small-molecule modifier and an allosteric inhibitor of PTP1B, ABDF, but its mechanism of action remains unclear [61] . Third, this cryptic site in PTP1B differs from the corresponding region in the closely related tyrosine-protein phosphatase non-receptor type 2 (TCPTP) at, for example, position 97 (glutamate instead of leucine). This difference between PTP homologs could be exploited to develop selective inhibitors that avoid the serious adverse effects associated with TCPTP inhibition in mice [59] . Finally, the cryptic site may be allosterically coupled to the catalytic site; examining contacts between pairs of residues [35] suggests extensive coupling between the cryptic and catalytic sites (Fig. S10a) .
We experimentally studied the binding of ABDF to PTP1B to determine whether or not it involves the putative cryptic site. Although PTP1B has three other surface-exposed cysteine residues, ABDF covalently attaches specifically to the side chain of Cys121 (Fig. 3b and Fig. S10b ). The Cys121 side chain points toward the interior of the unlabeled protein; thus, binding of ABDF likely requires a conformational change in the protein. We were unable to obtain a crystal structure of ABDF-labeled PTP1B, in agreement with other reports that ABDFlabeled PTP1B, unlike apo PTP1B, is recalcitrant to crystallization [61] . To determine whether or not the covalent label causes specific local conformational changes or globally perturbs the protein, we collected 1 H, 15 N transverse relaxation optimized spectroscopy heteronuclear single quantum coherence NMR spectra of both apo and ABDF-labeled protein (SI Text and Fig. S10c-f ). Using previously published backbone resonance assignments [62] , we observed no perturbation of chemical shifts for a number of residues distal to the predicted cryptic site, indicating that the effects are local and that the protein remains folded. In contrast, a cluster of residues nearby the predicted cryptic site were significantly perturbed ( Fig. 3b and Fig. S10c-f ). Many other residues near the predicted cryptic site that would need to move for ligand binding, including the adjacent β-sheet and Cys121 loop, were unassigned due to resonance broadening, which is indicative of conformational exchange. Collectively, these results point to structural flexibility in the vicinity of the predicted cryptic site and the specific perturbation of residues surrounding the predicted binding pocket, validating our prediction.
To conclude, we describe cryptic sites and a method that accurately, automatically, and efficiently predicts their locations in protein structures. Our results support the hypothesis of ubiquitous cryptic sites and suggest many new small-molecule protein targets, including those that are associated with diseases. Moreover, we illustrate how chemical tethering can be used to validate cryptic site predictions by discovering cryptic site ligands. Cryptic sites can also be characterized by experimental techniques that measure protein dynamics, such as NMR spectroscopy and room-temperature X-ray crystallography [63, 64] , as well as by discovery of ligands through virtual screening against conformations with pockets computed by AllosMod or molecular dynamics simulations. Our approach provides a convenient first step for such characterizations.
Materials and Methods
We started by finding cryptic sites in the Protein Data Bank (PDB) [65, 66] , as follows. First, we gathered structures of protein-ligand complexes and structures of proteins in ligand-free (unbound) conformations. We define binding residues as the residues with at least one atom within 5 Å from any atom of a ligand in the bound conformation (a binding site). Second, we removed the redundant protein occurrences in the dataset by applying sequence identity threshold of 40% (SI Text). Finally, we evaluated each binding site in the unbound conformation using pocket scores based on two pocket-detection algorithms, Fpocket and ConCavity [13, 14] . Binding sites with bad pocket sores in the unbound conformation and good pocket scores in the bound conformation were defined as cryptic sites, whereas those with good pocket scores in both conformations were defined as binding pockets (Tables S1 and S5 ). More details and methods are available in SI Text † .
